A novel approach was developed to produce estimates of total nitrogen and sulfur. The approach merges data from measurements and models. Measurement data have greater weight near monitoring sites. Modeled data are used for deposition species that are not measured. This total deposition data set is useful for ecological assessments. 
Introduction
Atmospheric deposition of sulfur and nitrogen can lead to the decline of ecosystems through acidification (Driscoll et al., 2003; Vitousek et al., 1997) and excess eutrophication (Howarth, 2008; Paerl and Whithall, 1999) which lead to effects such as decreases in forest growth , loss of species diversity (Bobbink et al., 2010; Driscoll et al., 2001) , shifts in the geographical distribution of species (Fenn et al., 2003; Pardo et al., 2011) , and increases in harmful algal blooms Heisler et al., 2008; Paerl et al., 2002) . In the U.S., strategies for improving ecosystem health often require estimation of the total atmospheric deposition as well as components of the total deposition as input to the analyses. Obtaining estimates of total deposition of sulfur and nitrogen is a challenge in the U.S. due to the difficulty in measuring dry deposition. While modeling of dry deposition is done at sites in the Clean Air Status and Trends Network (CASTNET) (Baumgardner et al., 2002) , these values cannot be spatially interpolated due to the complexity of the deposition fields. Additionally, several important species that contribute to the nitrogen budget, such as NO 2 , N 2 O 5 , HONO, PANs and alkyl nitrates, are not routinely measured at network sites. Ignoring these species in the calculation of total deposition may result in a significant underestimate of the actual value (Turnipseed et al., 2006) . Regional air quality models provide some insight into the concentration and deposition of these compounds, but the characterization of the emissions and atmospheric chemistry of organic nitrogen compounds remains challenging (Cape et al., 2011; Cornell et al., 2003) .
Modeling studies of impaired ecosystems, such as critical loads analyses, use biogeochemical models (e.g. Model of Acidification of Groundwater In Catchments (MAGIC) (Cosby et al., 1985) , PnET-BGC (Gbondo-Tugbawa et al., 2001) ) that require input of an extensive time-series of deposition. While regional air quality models can provide the spatial extent needed, the models have typically been run only for selected years and domains. Additionally, developing consistent emissions inputs for these models for historical periods remains a challenge although recent efforts such as Xing et al. (2013) have made progress in this area. Development of a multiyear data set of total deposition for the US would fill an important need of these ecological analyses.
In response to this need, we developed a novel approach for estimating total deposition in the US. This hybrid approach allows for spatially and temporally continuous estimates of total deposition to be derived for the years 2000e2012, with an extension to later years as monitoring data become available. Data from monitoring networks is used as well as model outputs from the Community Multiscale Air Quality (CMAQ) model (Byun and Schere, 2006) . The methodology gives precedence to measurements and supplements with modeled data as needed to provide a complete budget. In the following sections, we provide a description of the total deposition (TDEP) data sets and methodology used to develop estimates of total deposition as well as a discussion of the outputs derived from this technique.
Methodology
In this hybrid approach to using monitoring and modeling data to derive estimates of total deposition, data was obtained from monitoring networks in the US for the years 2000e2012. Modeled data was obtained from the CMAQ model for the years 2002e2009.
Measurement data
Measured values for air concentration and precipitation chemistry were obtained from U.S. national monitoring networks. A map showing the locations of the network sites used in this study is provided in Fig. 1 . Table 1 and NH þ 4 . The measured values of precipitation chemistry are then combined with precipitation estimates from the Parameterelevation Regression on Independent Slopes Model (PRISM) (PRISM Climate Group (PRISM), 2012) to obtain weekly estimates of wet deposition. Since NADP measurements are relatively sparse, PRISM is used to improve the development of wet deposition grids by accounting for effects of complex climate regimes such as occur in mountainous terrain and coastal areas.
Modeled data
CMAQ is an advanced regional air quality model that simulates the complex physics and chemistry of the atmosphere to predict (Skamarock et al., 2008) or its predecessor, MM5 (Grell et al., 1995 version contains a revised temporal profile for confined animal feed lot emissions. Future work will include investigating the effects of using these model options on the total deposition estimates as well as the effects of using higher resolution model output for all years.
Combining the data
The data from the monitoring networks and model output were combined in a multistep process that is outlined in Fig. 2 and detailed below. The first step in the methodology is the development of gridded weekly concentration fields of sulfur dioxide (SO 2 ), nitric acid (HNO 3 ), ammonia (NH 3 ), particulate sulfate (pSO 4 ), particulate nitrate (pNO 3 ), and particulate ammonium (pNH 4 ) using the monitoring data. Measured air concentrations from CAST-NET, SEARCH and AMoN are not natively on the same sampling schedule; therefore, all measured air concentrations were converted to the standard CASTNET TuesdayeTuesday week. The measured data were then interpolated into grids using inversedistance weighting (IDW). The maximum distance of influence used in the IDW were determined from examining the spatial correlation in the CMAQ gridded average seasonal concentration data using a variogram analysis. For each chemical and season, we plotted the sample variogram and then fitted an exponential covariance model with three parameters (nugget, sill, and range) using a nonlinear least squares algorithm. The covariance model was then normalized and plotted against distance. Distances corresponding to a covariance of 0.7 were determined for each chemical species for each season (Table 3 ) and used in the IDW. Plots of normalized covariance for several species are shown in Fig. 3 . An example grid resulting from interpolating the concentration data is shown in Fig. 4a for HNO 3 for week 5 of 2008.
Next, CMAQ hourly deposition velocity grids were aggregated to the CASTNET weekly schedule to obtain average weekly values. Deposition velocity cannot be interpolated across varying land use types, so explicit calculations for each grid cell are needed as is provided by CMAQ. Year-specific grids were developed as well as average grids for 2002e2004 and 2007e2009. Fig. 4b shows the average deposition velocity surface for week 5 of 2008 for HNO 3 .
The third step in the methodology is the creation of gridded fields of weekly dry deposition for each measured species using the gridded measured concentrations and modeled deposition velocities. For the years 2002e2006, the year-specific weekly average concentration grids were multiplied by the year-specific weekly average deposition velocity grids for each species. For the years 2000e2001, modeled deposition velocities were not available. Therefore, the year-specific weekly average concentration was multiplied by the weekly average deposition velocities determined from the years 2002e2004. This reduces the effect of one outlier year overly influencing the deposition velocity estimate. Similarly, for the years 2010e2012, the year-specific weekly average concentration was multiplied by weekly average deposition velocities determined from the years 2007e2009. An example grid of HNO 3 dry deposition is shown in Fig. 4c . The calculations for particulate species require special treatment. The CASTNET sampling system uses an open-faced filter pack without a specific size cut for particulate species. CMAQ uses a modal aerosol model with three modes (Aitken (I), accumulation (J), and coarse (K)). For pSO4, deposition was calculated using the deposition velocity for the CMAQ accumulation mode. Since pNO 3 is known to be bimodal, but the specific percentages in each mode in the measured data were not known, the deposition velocity was calculated as a weighted average assuming 80% is in the accumulation mode and 20% is in the coarse mode. For pNH 4 , we assumed it is associated 80% with pSO 4 and 20% with pNO3, based on molar ratios in CASTNET data, and weighted the deposition velocities accordingly.
The next step in the method is the development of grids of weekly modeled deposition for the measured species. Model evaluation studies such as Appel et al. (2011) and Foley et al. (2010) have indicated that concentration estimates from CMAQ are biased for some species. This bias must be taken into account in the Total dry deposition of nitrogen as percent of total (wet þ dry) deposition Total dry deposition of sulfur as percent of total (wet þ dry) deposition
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Total S Total (wet þ dry) sulfur deposition kg-S/ha development of deposition estimates since concentration biases will be carried forward to the dry deposition values. Bias grids were only constructed for species measured by CASTNET because AMoN and SEARCH did not have a sufficient number of observations for the modeled years to estimate the bias of NH 3 . We examined the average bias in CMAQ concentration compared to CASTNET and found that the seasonal difference in the bias was more important than the interannual differences or trends (Fig. 5) . Therefore, average seasonal bias adjustment grids were calculated by pairing the weekly average monitored value with the weekly average CMAQ concentration in the grid cell that contains it. The bias ratios for each week were then averaged seasonally across the 5-year period. Since the bias surfaces tended to be different for the model runs using the 36-km grid cell (2002e2006) compared to the model runs using the 12-km grid cell (2007e2009), the calculation of seasonal averages was done separately for 2002e2006 and 2007e2009. The bias ratio was transformed to a log scale with ratios capped at 10 to eliminate mathematical effects of very small concentrations and fitted to a surface using IDW with a maximum distance of 1000 km. This distance was selected to ensure that every grid cell in the domain had at least one nearest measurement point included in the IDW. The surface was smoothed using a circular neighborhood mean with a radius of 60 km and then transformed back to the normal scale from the log scale. An example bias surface for HNO 3 in the winter is shown in Fig. 4d . Next, we created bias-adjusted grids of weekly CMAQ deposition for the CASTNET measured species. CMAQ deposition values for measured species were bias corrected by multiplying the CMAQ value by the ratio obtained in the previous step for the appropriate season. For the years 2000e2006, the average seasonal bias for 2002e2006 was used while the average seasonal bias for 2007e 2009 was used for the years 2007e2012. Fig. 4e shows the bias adjusted CMAQ deposition values for HNO 3 for week 5 of 2008.
The next step was to merge the weekly deposition grids from the monitoring data and the CMAQ data for measured species. The process for merging the data preserves the monitoring values at the measurement sites and recognizes that, in areas where there are large spatial extents with no monitoring data, the interpolated measured concentrations may not represent well the variations in emissions and chemical processes that might occur between monitors. For grid cells farther from monitoring locations, the biascorrected CMAQ values are better able to account for these processes and are given more weight.
To combine these gridded fields, weighting grids were constructed for the observed and modeled deposition grids. First, a grid was constructed that contained the distance from the grid cell to the nearest monitor. Next, a distance weighting grid was calculated as W obs ¼ 1 À distance to nearest monitor maximum radius where the maximum radius was determined for each chemical species based on the variogram analysis described above. The same distances used for inverse-distance weighting the observed concentrations were used here as well. The observed deposition grid from above was multiplied by this distance weighting grid to get weighted observed deposition values. The weighting grid for the modeled values was constructed as 1 À W obs . The modeled deposition grid for the measured species was multiplied by its weighting grid to get weighted modeled values. The two weighted grids were then summed to get the final deposition grid for each measured species.
To create values for total annual dry deposition, weekly average deposition grids for each species were summed to annual values. For the measured species, the combined weighted deposition grids were summed, while the weekly CMAQ deposition values were summed for unmeasured species (NO, NO 2 2012. An example grid of annual dry deposition is shown in Fig. 4f .
The final step of the methodology is to combine the annual dry deposition with the annual wet deposition to create grids of total atmospheric deposition. NTN wet deposition values are provided at a 4-km grid resolution. To maintain the spatial variability provided in this data, the 12-km grids of dry deposition were regridded to the 4-km NTN grid. For each year and species, the dry deposition calculated above was summed with the NTN wet deposition to determine total deposition. Additionally, grids of 3-year average deposition for 2000e2002 and 2010e2012 were also calculated.
Admittedly, this method does not maintain mass balance whereas Eulerian models such as CMAQ do. Other efforts that have combined measured wet deposition with bias corrected modeled deposition such as that of Dennis and Foley (2009) suggest that the mass balance error is small. Future work will investigate methods for determining the additional uncertainty in the deposition estimates that is introduced due to the lack of mass balance.
Gridded deposition fields and map images for the variables listed in Table 4 are provided at ftp://ftp.epa.gov/castnet/tdep as compressed ESRI ArcGRID export files. Since this product is dynamic with expected updates to the methodology and available measured and modeled data, a version number is associated with the data which includes the four digit year of release and a two digit version number. Using this notation, the release of the data described here is version 2014.01 and contains files for the years 2000e2012. While it would be tempting to use these maps for explicit trends analyses, the lack of consistent emissions and chemical transport modeling platforms makes this problematic. However, with the inclusion of monitored data, the maps likely reflect the overall changes in nitrogen and sulfur deposition that occurred in the time period 2000e2012.
Results and discussion
In the following section, we examine some of the maps produced in this effort, discuss features of the maps, and identify areas for future improvements. Additionally, we compare the results of this hybrid approach with other approaches for estimating total deposition. Space limitations preclude the presentation here of all of the maps produced as a result of this project, however a complete set of maps can be downloaded from the FTP site provided above.
Nitrogen
For nitrogen species, maps and data are available for individual chemical species as well as aggregations such as oxidized and reduced nitrogen. Example maps of dry and total nitrogen deposition for 2002 and 2010 are shown in Fig. 6 . In many regions of the US, dry deposition contributes greater than 50% of the total N deposition for both years, however, the contribution of dry deposition to total deposition varies spatially and temporally. As expected, arid areas in the southwest show the highest contribution from dry deposition. The estimates of total deposition include the contribution of the dry deposition of species such as NO, NO 2 , N 2 O 5 , HONO and organic nitrogen as determined by CMAQ. No attempt was made in the current methodology to fuse CMAQ wet deposition estimates of these chemicals with the NADP measurements, although this will be an area for future development. The emission and chemistry of organic nitrogen compounds are not well understood and, therefore, are not currently well represented in air quality models. Some of the organic nitrogen compounds are quite soluble and organic nitrogen is estimated to contribute as much as 30% of the total nitrogen wet deposition (Neff et al., 2002) . Less is known about the dry deposition of these compounds. A number of recent studies (e.g. Perring et al., 2013) have shed light on the composition, chemical properties, and deposition properties of organic nitrogen compounds and future versions of CMAQ containing these advancements will be used to update the current methodology and maps. Due to the limited treatment of organic nitrogen in CMAQ v 4.7.1, the values produced in version 2014.01 from this hybrid methodology likely underestimate the organic nitrogen deposition and consequently the total nitrogen deposition.
Sulfur
For sulfur, maps and data are available for dry, wet, and total deposition of SO 2 and particulate sulfate. We compare sulfur total and dry deposition for 2002 and 2010 in Fig. 8 . In Fig. 8a and b , reductions in sulfur deposition from 2002 to 2010, consistent with expectations due to emissions controls, can be seen. SO 2 emissions, primarily from combustion of fossil fuels, decreased by 37% from 2002 to 2010 with the greatest reductions occurring in the northeastern US and the Ohio River Valley area (http://www.epa.gov/air/ airtrends/sulfur.html). Similar reductions in deposition can be seen in these areas in Fig. 8 . Comparing across years, we see the impact of including the data from the SEARCH network where elevated areas of deposition appear near the SEARCH monitors in Yorkville, GA and Centerville, AL despite trends of decreasing emissions. Data from these sites were not available for the 2002 data set, so including the data, while useful for reducing model bias, creates an artifact. Certainly, having a more spatially and temporally extensive set of monitors would reduce this effect. Fig. 8c and d show the percent contribution of dry deposition to the total deposition. Across the US, the fraction of total deposition contributed by dry deposition is quite spatially and temporally variable. In addition to changes in dry deposition, these spatial and temporal variations reflect differences in precipitation regimes and interannual variability in precipitation amount which influence the contribution of wet deposition. So, although the amount of dry deposition decreases in 2010 compared to 2002, the percent contribution of the dry deposition is higher in 2010 because there was less precipitation and therefore less wet deposition. The dry deposition of individual sulfur species is shown in Fig. 9 . Dry deposition of SO 2 is much higher than the dry deposition of pSO 4 . Both species show the expected decreases in deposition from 2002 to 2010 that would be expected as a result of air quality regulations that have lowered SO 2 emissions and, therefore, air concentrations.
Comparison of deposition estimates
Obtaining spatially and temporally continuous estimates of total deposition is challenging since dry deposition is typically measured only for intensive field studies while wet deposition is routinely monitored. One approach that is often used is to combine dry deposition from CASTNET with wet deposition from NTN. For CASTNET, deposition estimates are produced by multiplying site specific concentrations and modeled deposition velocities (Meyers et al., 1998) . These estimates cannot be spatially interpolated, however, due to the influence of the underlying land use on the deposition velocity. Spatially continuous estimates of deposition can be obtained from air quality models such as CMAQ, but these estimates can include biases resulting from errors or gaps in emissions and limitations in modeling the complete physics and chemistry of the atmosphere (Appel et al., 2011) . In the absence of measured data or estimates from regional air quality models, other approaches for estimating total deposition have been used including assuming that dry deposition equals wet deposition ) and sulfur dry deposition (kg-S ha
À1
) from the hybrid TDEP approach and CMAQ. (Fisher and Oppenheimer, 1991; Porter and Morris, 2005) . Additionally, measurements of throughfall have been used to estimate total deposition. Without a substantial set of flux measurements, it is difficult to validate these various estimates, including the current hybrid methodology. Instead, we compared estimates from the hybrid approach with these other approaches for determining the total deposition. We provide a brief summary of some initial comparisons below. More complete analyses are ongoing.
First, we compared the dry deposition values from the hybrid approach with those from CASTNET. Since total deposition for CASTNET is derived using the same wet deposition as used in the hybrid approach, wet deposition was not included in this comparison. For most species, the deposition from the hybrid approach was higher than the values from CASTNET (Fig. 10) . This is primarily due to the higher deposition velocities calculated by CMAQ compared to MLM. Differences in deposition velocity are driven by both the modeling approaches used in the models and the meteorological inputs. For example, the deposition of HNO 3 , the major component of oxidized nitrogen deposition, is controlled by the aerodynamic resistance. In CMAQ, this key resistance is calculated based in MonineObukhov similarity theory while for CASTNET, MLM calculates the resistance based on an approximation using the standard deviation of the wind direction due to the instrumentation limitations at the sites. SO 2 deposition is often controlled by the cuticular resistance which is calculated in CMAQ based on Henry's Law to account for surface wetness resulting in quite low resistances. In contrast for CASTNET, the MLM sets a very high value for the cuticular resistance whether it is wet or dry. Further evaluation studies of deposition velocity algorithms are needed.
Next, we compared the values developed from the hybrid approach with those obtained from CMAQ alone. Meteorological models often struggle with correctly predicting precipitation amount and location. Therefore, we expect that wet deposition from CMAQ will be different than those from the hybrid approach since these the hybrid approach uses the PRISM adjusted values from NTN with CMAQ biases varying spatially and temporally. Dry deposition is calculated as the product of concentration and deposition velocity. So, the hybrid approach will produce different dry deposition values since the concentrations fields are not the same in the hybrid approach and CMAQ. A comparison of the nitrogen and sulfur dry deposition from CMAQ and the hybrid or TDEP approach is given in Fig. 11 . There is overall good agreement between the deposition values for total nitrogen (Fig. 11a) while agreement for individual species such as HNO 3 and NH 3 is not as good (not shown). For sulfur deposition (Fig. 11b) , the TDEP values are substantially higher for some individual sites. These sites tend to be in the western U.S. where there are few network sites, but there are notable biases in the CMAQ values. The scarcity of sites influences the bias correction surface and points to the need to include additional monitoring networks such as IMPROVE in future versions.
As another comparison, we examined deposition estimates from the hybrid approach and those from the approximations of doubling the wet deposition. Since the processes that drive wet and dry deposition are quite different and the relative contributions of wet and dry deposition vary spatially and temporally, we would not expect the values to be the same. Fig. 12 provides a comparison of total deposition as determined by the hybrid method presented here with the estimate determined by doubling the wet deposition. Using only the wet deposition underestimates the strong contribution of local NH 3 sources as shown in Fig. 12a . Doubling the wet deposition results in estimates of sulfur deposition (Fig. 12b) in the northeast that are much lower than those predicted by the hybrid methodology.
Finally, we compared values from some throughfall studies Root et al., 2013) with those from the corresponding grid cells from the hybrid approach. A particular challenge with these studies is that the throughfall studies are ecosystem specific (e.g. forest) while the grid cell average may be dominated by a very different ecosystem (e.g. riparian). Therefore, we limited our comparisons to sites where the forested sites used for the throughfall measurements fell in a grid cell that was predominantly (>75%) forest. Throughfall and total deposition would not be expected to be equal since they represent different aire surface exchange processes, however we expect that throughfall would represent a lower limit of total deposition. A comparison of total deposition from the two methods for the selected sites followed this expected pattern (Table 5) .
Conclusions
A hybrid methodology was developed to combine measured and modeled atmospheric concentration, deposition velocities, and deposition to create spatially continuous estimates of nitrogen and sulfur deposition for use in ecological analyses. The methodology is designed to give most weight to measured data and uses modeled data to fill in gaps in measurement data. Importantly, this methodology provides a time series of deposition from 2000 to 2012 which is needed as input to biogeochemical models. This data will be particularly useful to the water quality and ecological research communities.
Outputs from this effort are provided to the public via the CASTNET website. The data are provided as ESRI grid files and maps are provided as PNG files. The release described here is version 2014.v01 of the product which provides maps and data for 2000e 2012. Updates will be released as new modeling and monitoring data become available and as the methodology is enhanced.
While this product represents an improvement over previous methods for determining spatially continuous total deposition for the US, future research in modeling and monitoring will be needed to improve estimates of deposition. For example, further work is needed in characterizing the sources and atmospheric chemistry of organic nitrogen compounds to improve monitoring and modeling capabilities. With the availability of bidirectional flux estimates for ammonia, appropriate methods for fusing observed data with the bidirectional flux will need to be developed. Improvements in the methodology can also be explored including investigating methods characterizing the mass balance issues, analyzing the sensitivity of the deposition values to interpolation methods, and exploring methods for addressing the artifacts introduced by non-continuous measurement data. 
